Abstract. The objective of this paper is to present a new data set of bias-corrected CMIP5 global climate models (GCMs) daily data over Africa. This dataset was obtained in using the Cumulative Distribution Function Transform (CDF-t) method, a method that has been applied on several regions and contexts but never on Africa. Here CDF-t is used over the period combining historical runs and climate change scenarios on 6 variables, precipitation, mean near-surface air temperature, nearsurface maximum air temperature, near-surface minimum air temperature, surface down-welling shortwave radiation, and wind 5 speed, which are critical variables for agricultural purposes. Evaluation of the results is carried out over West Africaon a list of priority users-based metrics that was discussed and selected with stakeholders and on simulated yield using a crop model simulating maize growth. Bias-corrected GCMs data are compared withanother available dataset of bias-corrected GCMs, and the impact of three different reference datasets on bias-correctionsis also examined in details. CDF-t is very effective in removing the biases and in reducing the high inter-GCMs scattering. Differences with other bias-corrected GCMs data 10 are mainly due to the differences between the reference datasets. This is particular true for surface down-welling shortwave radiation, which has impacts in terms of simulated maize yields. Projections of future yields over West Africa have quite different levels, depending on bias-correction method used, but they all show a similar relative decreasing trend over the 21st century.
ture (tasmin), surface down-welling shortwave radiation (rsds), and wind speed (wind). The bias-correction has been performed using the Cumulative Distribution Function-transform (CDF-t ; Michelangeli et al., 2009 ), a method that has been widely used and validated for various variables and in various contexts (e.g., Kallache et al., 2011; Vrac et al., 2012; Lavaysse et al., 2012; Vautard et al., 2013; Vrac and Friederichs, 2015; Vrac et al., 2016) , including tropical areas (Oettli et al., 2011; Vigaud et al., 2013) (Weedon et al., 2014) .
Section 2 presents these reference data used to evaluate the 29 CMIP5 GCMs. A first intercomparison of WFD, WFDEI and EWEMBI is presented is terms of mean seasonal fields over West Africa. In Section 3 the CDF-t bias-correction method is shortly presented. Then tests are carried out over 1979-2013 to evaluate the sensitivity of the corrections to the calibration 10 period. In section 4, the evaluation of the CDF-t bias-correction is detailed over West Africa, first on mean seasonal fields, then on daily-based metrics. CDF-t bias-corrected GCM data are also compared with ISIMIP/WFD bias-corrected data for the 5 GCMs used in ISIMIP. The significant impact induced by some improvements introduced in WFDEI data will be shown. CDF-t outputs will be also compared to products from EWEMBI. To go further into this evaluation, a crop model has been used to test the impact on simulated crop yields (specifically a local maize cultivar) of bias-corrections data with one GCM 15 and of the three reference data sets, used as forcing data, in order to see how such crop simulation can integrate (non-linearly) these corrections. A sensitivity analysis to individual forcing variables (temperature, precipitation and surface down-welling shortwave radiation) is also presented. Finally some analyses of the bias-correction impact on crop simulations in the context of RCP8.5 climate change projections are shown. Conclusions are given in section 5.
Climate input data
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The AMMA-2050 data set comprises bias-corrected daily data for the variables precipitation, mean near-surface air temperature, maximum air temperature and minimum air temperature, surface down-welling shortwave radiation, and wind 
Simulations
We use daily data extracted from the CMIP5 archive, covering the period from 1 January 1950 to 31 December 2099.
Based on availability of daily data, it comprises 29 GCMs for the 1950-2005 historical period and RCP8.5 2006-2099 projection, 27 GCMs for RCP4.5 projection and 20 GCMs for RCP2.6 projection (See Table 1 for more details). Only one run has been used for each GCM. These "raw" data have been interpolated on the 0.5 with observation, by a bilinear approach for temperatures and wind, and by a "nearest neighbour" approach for precipitation.
Then, bias-corrected data are available on the 0.5
Reference observation data sets
The observation-based reference dataset is critical for the correction of GCM biases, in particular when corrections are applied on daily data. The reference dataset must also have a global coverage with a regular grid, what may induce large uncertainties in void in-situ data areas as in Africa. So we used the opportunity of the availability of WFD, WFDEI and EWEMBI reference datasets to compare each other, and to compare bias-corrected (with WFD) ISIMIP data with bias-corrected (with 5 WFDEI) AMMA-2050 data.
The WFD dataset (Weedon et al., 2011 ) is a combination of ERA-40 daily reanalysis of the European Centre for MediumRange Weather Forecasts (ECMWF) at a grid resolution of 2.5
• and the Climate Research Unit (CRU) TS2.1 dataset that provides observed time series of monthly variations in the climate on a resolution grid of 0.5
A correction for monthly mean rainfall is included using the Global Precipitation Climatology Centre (GPCC) version 4 dataset (Hagemann et al., 2011) . The a more extensive suite of satellite, atmospheric soundings and surface observations and provides substantial improvement in surface meteorological variables (Dee et al., 2011) , in particular with a new aerosol loading distributions and corrections for downward shortwave fluxes (leading in particular to larger average WFDEI values over Sahara and northern Africa) leading to less bias compared to globally distributed observations. ERA-Interim has also a reduced Gaussian grid spectral model resolution of T255 instead of T159 for ERA-40, leading to data much "closer" to the regular 0.5
• spatial resolution and 20 to the elevation distribution used for WFDEI. We will use the WFDEI dataset over 1979-2013.
More recently, the EWEMBI data set has been produced within ISIMIP (Lange, 2016 (Lange, , 2017b WFD has high negative biases over the whole area.
3 The CDF-transform bias-correction 
The CDF-t method
In this work, we use the CDF-t method developed by Michelangeli et al. (2009) to adjust climate models. It consists in matching the CDF of a climate variable simulated by a model (here the GCM) to be corrected at the CDF of this observed variable (here WFDEI) through a mathematical function. CDF-t is a variant of the "quantile mapping" method (Déqué, 2007) .
But contrary to "quantile mapping", CDF-t first constructs the CDF of the observations in the future through the mathemat-10 ical transformation before doing the mapping with the CDF of the models. So, if we assume that F obs,fut is the CDF of the observations in the future, F obs,fut is given by the relation:
Where F obs,cal and F −1 mod,cal are respectively the CDF of the observation and the inverse CDF of the model over the calibration period; F mod,fut represents the CDF of the model to be corrected.
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More details on the CDF-t method can be found in (Vrac et al., , 2016 .
Application
This CDF-t approach has been applied to 5 out of the 6 variables (tas, tasmax, tasmin, rsds and wind) over the period 1950-2099 (historical and RCP2.6, RCP4.5, RCP8.5 runs). For precipitation (pr), an updated CDF-t approach has been used, referred to as "Singularity Stochastic Removal" (SSR), addressing also rainfall occurrence and intensity issues (see Vrac et al., 20 2016, for more details). CDF-t has been applied month by month to take in account the strong seasonality over Africa. It has also been applied using a moving window to smooth discontinuities (Vrac et al., 2016) . CDF-t preserves any long-term trend in the GCMs data. GCMs data have been interpolated to WFDEI grid before being bias-corrected.
Examples of CDF-t bias-correction applied on mean West Africa daily precipitation data for the five GCMs used in ISIMIP are shown ( 
Sensitivity of the correction to the calibration period over West Africa
Before applying the CDF-t correction through the moving window process over 1950-2099, every GCM has to be calibrated over a reference period. In order to have a calibration data set as representative as possible of the variability of the various variables, especially precipitation, the time period 1979-2013 has finally been used for calibration of the bias-correction method. However the sensitivity to the calibration period has been explored over West Africa by testing it on two sub-periods, Three calibration periods have been tested: 1979-1996, 1996-2013 and 1979-2013 (see Fig.S2 ). First, it is clear that the bias-correction is powerful to remove the cold bias of the raw data. Second, the positive trend present in the raw data over 10 the period 1979-2013, as in WFDEI but with a weaker range, is preserved after the bias-correction. This is probably due to the dry bias of precipitation over the Sahel in raw data that induces a higher sensitivity to the impact of anthropogenic global warming over the period than in observations. Third, the effect of the calibration period is clear. By using the calibration period 1979-1996, the remaining bias of corrected data is near zero and is weakly positive over 1997-2013, while by using the calibration period 1996-2013, the remaining bias of corrected data is near zero and is weakly negative over 1979-1995. Using 15 the calibration period 1979-2013, the remaining bias is overall very weak and in average near zero. Similar tests have been carried out for the variables pr and rsds, and for the other seasons, with similar conclusions. So, while it can be thought that using the whole observational period to calibrate the bias-correction process may lead to over-estimation of the fit between observations and bias-corrected data, it provides in fact a more robust correction. So we keep the whole period 1979-2013 for calibration.
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Results
User-based metrics and diagnostics
A list of priority metrics has been established between scientists and stakeholders involved in AMMA-2050. We are presenting results based on some of these metrics related to the three variables, precipitation (pr), near-surface air temperature (tas) and surface down-welling shortwave radiation (rsds). These metrics are: -the number of wet days (pr > 1 mm day
-the number of days with pr > 10 mm day
-the number of dry days (pr < 1 mm day
-the 95 th percentile of the duration of consecutive dry days sequences.
Mean seasonal fields over West Africa
5
Regarding tas, Fig.2 presents the mean JAS temperature fields over Africa for WFDEI data, biases from WFDEI of raw data from the five GCMs used in ISIMIP, and biases of CDF-t bias-corrected GCM data. Fig.3 shows the Taylor diagrams (see Taylor, 2001 ) computed on JAS over the Sahel and Guinea areas, for (i) the 29 raw and bias-corrected GCM data compared to WFDEI data, (ii) similar but for the five GCMs used in ISIMIP in terms of raw data, CDF-t bias-corrected data and ISIMIP biascorrected data, (iii) similar except it is evaluated against EWEMBI data. WFD data are also plotted in these Taylor diagrams.
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Note that the Taylor diagrams provide three statistics: the correlation coefficient between the tested field and the reference field (related to the azimuthal angle), the normalized standard deviation of the tested field in respect to the standard deviation of the reference field (proportional to the radial distance from the origin), and the centred root mean square difference between the tested field and the reference field (proportional to the distance from the REF point on the x-axis; grey curves from 1 to coefficient between any tested field and the reference field (angle), the normalized standard deviation of the tested field in respect to the reference observation (x-axis and y-axis), and the centred root mean square difference between the tested field and the reference field (grey circles from 1 (with the lowest radius) to 4 (the highest radius)).
4). As the mean of the fields are subtracted out before computing their second-order statistics, these diagrams do not provide information about overall biases but characterizes biases associated to centred pattern errors. Hence maps of However moderate biases exist with cold biases over most of the area, and inter-model dispersion is also present, for instance summer temperatures in GFDL-ESM2M are about 2
• C higher than temperatures in HadGEM2-ES or IPSL-CM5A-LR over western Sahara, and more over eastern Sahara. The bias-correction process improves quite well the simulations and provides corrected mean seasonal fields very similar to WFDEI data, even at small spatial scales as for lower temperatures over FoutaJalon and Cameroon mountains (see Fig.S3 ). The Taylor diagrams (Fig.3 ) quantify this improvement very clearly for the 29
GCMs. The raw GCMs (Fig.3 left column) are quite scattered with spatial correlations with WFDEI distributed between +0.1 to more than +0.9. For the Sahel area, correlations are quite highin JAS (centred around +0.9) and the weakest in fall (around +0.6; not shown), while for the Guinean area correlations are globally centred around +0.4. GCMs are also scattered in terms of 5 normalized variances, from 0.6 to more than 2. The performance of the CDF-t bias-correction is clearly high since all the GCMs are very close to the WFDEI reference point. Taylor diagrams enable to compare the 5 GCMs used in ISIMIP in reference to WFDEI (Fig.3 middle column) , for raw data, bias-corrected data by CDF-t and by ISIMIP method. WFD and EWEMBI data are also plotted. While CDF-t bias-corrected GCMs are very close to WFDEI, ISIMIP bias-corrected GCMs are centred around WFD and near to WFDEI (correlation higher than +0.9 and normalized standard deviation close to 1). EWEMBI data is even 10 more close to WFDEI with a correlation +1 but with a normalized standard deviation that can be higher than for WFD. Fig.3 (right column) using EWEMBI data as the reference point, shows that bias-corrections provide again very good results with a better performance for CDF-t probably due to the higher similarity of WFDEI with EWEMBI than WFD. Same analyses have been carried out for tasmax and tasmin with similar results (not shown). (Fig.4) . Local maxima associated to highlands like Fouta Jalon or Cameroon mountains are also clearly highlighted. Raw GCMs reproduce accurately this pattern but a lot of discrepancies can be noticed for all GCMs, both in terms of precipitation amplitude, spatial pattern and latitude extension. HadGEM2-ES has the weakest values while the four others produce precipitation amounts generally higher than WFDEI. The CDF-t bias-correction improves very efficiently the GCM mean seasonal precipitation fields since examination must be very detailed to discern differences with WFDEI fields and between GCMs (see Fig.S4 ). This is clearly quantified with the Taylor diagrams over Sahel and Guinea areas in Fig.5 . For raw
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GCMs the standardized variance is very scattered from 0.25 to more than 2. Spatial correlations are higher in Sahel (from +0.7 to +0.95) than in Guinea (from +0.2 to +0.8). The CDF-t bias-correction is quite effective in removing these biases and bringing the raw data closer to WFDEI, with some small remaining discrepancies, higher than for tas. The ISIMIP bias-correction is also effective due to the proximity between WFD and WFDEI. Finally the evaluation in respect to EWEMBI reference data is good also, both CDF-t and ISIMIP bias-corrected data are nearby EWEMBI data. We have noticed previously (Fig.1) the weakest and EWEMBI values the highest in the ITCZ area, WFD values also the weakest and WFDEI values a bit higher than for EWEMBI over the Sahara. The five raw GCMs have, in agreement with their precipitation mean seasonal fields, a reasonable latitudinal evolution of low rsds values associated to the ITCZ but the range of rsds differences with WFDEI data as well as the inter-GCMs dispersion are very high. It shows an overall positive bias over the area. The CDF-t bias-correction is once more very effective to remove biases respect to WFDEI data (see Fig.S5 ). The Taylor diagrams (Fig.7) provide some more 5 quantification over the Sahel and Guinea areas. In terms of spatial correlation and normalized standard deviation in respect to WFDEI, raw GCMs have rather good performances over the Sahel (correlations higher than +0.8). Results are less good over the Guinea area (correlations less than +0.8) with a high dispersion. The ISIMIP bias-correction does not improve the performance of raw GCMs because WFD rsds data are quite far from rsds WFDEI data. rsds EWEMBI data are also far from WFDEI. This last point is confirmed on the Taylor diagnostics in respect to EWEMBI reference data. Both bias-corrected 10 data from CDF-t and ISIMIP method stay rather far from EWEMBI and do not improve significantly the performance of raw GCMs. 
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• E). They show the mean fields of EWEMBI, WFDEI and WFD (first row), and the five GCMs used in ISIMIP (row 2 to 6) for raw data (first column), CDF-t corrected data (second column) and ISIMIP bias-correction method (third row). For 15 tas (Fig.8) , WFDEI, WFD and EWEMBI are very similar and highlight the set-up of the high temperatures area associated with that is not present in observations. Bias-correction methods are effective to reduce these few discrepancies but few differences still remain as for instance a bit weaker temperature maximum around July in CDF-t corrected data. Fig.9 shows similar diagrams but for pr. The Hovmoeller approach is a good way to depict the main characteristics of the 5 ITCZ evolution over West Africa with a first rainy season during spring over the Guinea area followed by an "abrupt jump"
to the north in June-July (Sultan and Janicot, 2003) and by a more progressive southward retreat at the end of the summer monsoon season leading in fall to a second weaker rainy season over the Guinean area. WFD and WFDEI are very similar with a bit noisier field for WFD, and EWEMBI shows more differences over the Guinean area, especially with a weaker second rainy season. Raw GCMs have high discrepancies and produce mean fields quite different from a model to another one. In 10 particular, precipitation data can be either very low (NorESM1-M) or very high (GFDL-ESM2M), and no GCM captures the abrupt northward shift of the ITCZ. The bias-correction methods (CDF-t using WFDEI, ISIMIP using WFD) are very effective in capturing back the main features of the ITCZ evolution, but differences still remain within the GCMs. (consistent with a higher cloud cover of mid-level clouds, (see Roehrig et al., 2013) are generally negative except for GFDL-ESM2M over the Sahara. Taylor diagrams depict the good performance of CDF-t bias-correction method. The highly scattered raw GCM data, especially over the Guinea area, move into a concentration zone very near WFDEI reference (Fig.12) . ISIMIP bias-corrected data are also well concentrated near the WDF reference data but at some distance from WFDEI reference point. CDF-t method is also a bit better than ISIMIP one when one refers to EWEMBI reference data. .
5
Taylor diagrams (Fig.14) show again the good performance of the CDF-t bias-correction method, the higher dispersion of the ISIMIP bias-corrected GCMs than CDF-t corrected GCMs in respect to their respective reference data set (WFD and WFDEI respectively), and the close distance of CDF-t bias-corrected data to EWEMBI reference. . WFD, WFDEI and EWEMBI provide values consistent with the ITCZ location including high values over the mountain areas (Fig.15) . In opposite to the 10 previous metric, WFD has a similar range of values that the two other reference data sets, with a small over-estimation. The spatial variance is higher than for the two previous metrics with a higher contrast between mountain and plain areas. Remaining biases in the CDF-t corrected data are localised over mountain areas with mostly negative biases, but also over plains in summer with mostly positive biases in the ITCZ area and especially extended in IPSL-CM5A-LR. Taylor diagrams (Fig.16 ) show once again a good performance of the CDF-t correction method. ISIMIP bias-corrected GCMs have a higher dispersion than CDF-t corrected GCMs in respect to their respective reference data set. CDF-t bias-corrected data are at a close distance to EWEMBI reference.
Crop yields simulations and sensitivity to bias-corrected variables
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The question that we are now addressing is to evaluate what the sensitivity of simulated crop yields to raw and biascorrected variables can be over West Africa. A crop model forced by atmospheric variables integrates biases and variability of these forcing datain a non-linear way. It is critical to evaluate if this integration may reduce or amplify the variability induced from these data. • gridded maize yields estimated from a combination of global agricultural data sets, country yield statistics and satellite-derived net primary production (Iizumi et al., 2014) . Note that SARRA-O provides potential yields that can be different from observed yields, so this comparison with the GDHY data set must be considered as indicative only.
Finally, sensitivity to individual variables has been conducted by comparing the SARRA-O simulation forced with WFDEI 10 data with simulations where one WFDEI variable is replaced by the corresponding raw IPSL-CM5A-LR data. . So it is shown first that SARRA-O maize yields are quite sensitive to the different forcing data sets, second that WFD leads to simulated yields far from the GDHY data while 5 WFDEI and EWEMBI leads to quite better yields, and finally that raw GCM and GCM corrected with WFD are also quite far from validation data while GCM corrected with WFDEI has a rather good performance. The simulation forced by EWEMBI has a higher valuethan WFDEI ( 760 and 1030 kg ha ), close to EWEMBI. Over the Sahel area, the curves are closer but some similar conclusions can be drawn. WFD and associated ISIMIP bias-corrected simulations provide the lowest yields ( 400 and 370 kg ha ) is close to WFDEI, EWEMBI and CDF-t bias-corrected simulations. This last point is quite surprising since raw IPSL-CM5A-LR data have large biases. Fig.18 shows the maps of mean simulated yields for raw, WFDEI and CDF-t bias-corrected, WFD and ISIMIP biascorrected, EWEMBI simulations, and GDHY data. For raw simulations, yields are highly underestimated over the central Sahel but highly overestimated over the western Sahel and especially near the Fouta-Jalon. The boundary between the Sahel 5 and Guinea boxes being at 10
• N, the spatial average over the Sahel combine positive with negative biases in respect to WFDEI.
Other maps show that yields obtained from EWEMBI are closer to GDHY data than yields from WFDEI, mostly due to better realistic values over the Guinea area (see also Table 2 ). Underestimation of yields simulated from WFDEI over Fouta-Jalon and over southern Cameroon and south-eastern Nigeria can be clearly associated with underestimation of WFDEI Rsds compared to EWEMBI rsds (see Fig.1 ). Comparisons on WFDEI and EWEMBI interannual time series of yields and associated tas, pr and 10 rsds on individual grid points in these areas confirm that these yields differences are linked exclusively to rsds differences while tas and pr are similar (not shown). Finally maps of simulated yields from WFD and ISIMIP bias-correction ISIMIP confirm To go further, a sensitivity analysis to individual variables has been conducted by comparing the SARRA-O simulation forced with WFDEI data with simulations where one of these WFDEI variables is replaced by the corresponding raw IPSL-CM5A-LR data. These variables are pr, rsds, tasmin and tasmax, and also rsds from ISIMIP bias-corrected IPSL-CM5A-LR
(using WFD as reference). Figure 18 . Temporal mean of maize yield for IPSL-raw, IPSL-CDF-t, IPSL-ISIMIP, WFDEI, WFD, and GDHY over 1979-2001 yields simulated with SARRA-O, confirming a previous study based on an older version SARRA-H of crop model (Oettli et al., 2011) . It indicates also that WFD data and related bias-corrected simulations should not be used anymore. analysis, ISIMIP bias-corrected forcing data (with WFD as reference data) lead to the lowest yields both over the Sahel and Guinea areas on the present time but also over the whole 21 st century. Over Guinea area, the very high simulated yields coming from raw data are drastically reduced with CDF-t bias-corrected forcing data (with WFDEI as reference data) while over Sahel area these yields are rather similar. After CDF-t bias-correction, yields are quite similar over the two areas. In agreement with the previous analysis, ISIMIP bias-corrected forcing data (with WFD as reference data) lead to the lowest yields both over the proportional to the mean with a very weak variability for ISIMIP yield and higher variability for CDF-t and raw simulations.
All projections show a clear decrease of maize yields by a factor of 2 over all of West Africa along the 21 st century.
Conclusions
The objective of this paper is to present a new data set of bias-corrected CMIP5 GCMs daily data over Africa using CDF-t method, a method that has widely proved its efficiency but was not yet applied on Africa. It has been applied over 5 the period 1950-2099 combining historical runs and RCP scenarios with 29/27/20 GCMs for RCP8.5/4.5/2.6 respectively.
These bias-corrections have been applied to six variables critical for agricultural impacts, precipitation, mean near-surface air temperature, near-surface maximum air temperature, near-surface minimum air temperature, surface down-welling shortwave radiation, and wind speed.
The use of different bias-correction methods based also on different reference data sets contributes to the total uncertainty 10 in climate projections and can contribute in some contexts more than the use of different GCMs or RCMs (Iizumi et al., 2017) .
So using multiple bias-correction technics and reference data sets is highly recommended. In this context, CDF-t bias-corrected GCM data have been compared to the 5 GCMs ISIMIP bias-corrected data, and the impact of the different reference data sets, WFD (used in ISIMIP bias-corrections), WFDEI (used in CDF-t bias-corrections) and the more recent EWEMBI (used in the second version of ISIMIP bias-corrections), has been examined in details. Crop simulations have been also carried out to test 15 how the impact of bias-corrections in forcing data (temperature, precipitation, surface down-welling shortwave radiation) is integrated in terms of crop (maize) yields. Finally bias-corrections have also been presented in the context of RCP8.5 scenarios.
The whole observational period, 1979-2013, has been chosen to calibrate the bias-correction process. It has been shown that it provides a more robust correction without leading to over-estimation of the fit between observations and bias-corrected data, and that the impact of using various calibration sub-periods on the time evolution over the 21 st century is weak.
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The evaluation of CDF-t bias-correction applied to the 29 GCMs, both on mean seasonal data and on daily-based metrics, has shown that CDF-t is very effective in removing the biases in respect to the reference WFDEI data and reducing the high inter-GCMs scattering. It has also shown some distance, depending on variables and metrics, with bias-corrected ISIMIP GCM data, mainly due to the differences between WFDEI and WFD reference data. WFDEI (and associated CDF-t bias-corrected GCMs) appears closer to EWEMBI than WFD (and associated ISIMIP bias-corrected GCMs). Metrics based on temperature 25 are very close for the three reference data sets and some differences exist in precipitation-based metrics. In contrast, significant differences have been highlighted in terms of surface down-welling shortwave radiation. This has some consequences in terms of crop (maize) yields over West Africa. Sensitivity simulations on one GCM have shown that bias-corrections improve the yields simulated by the raw GCM, but that ISIMIP bias-corrected GCM still underestimate them,as CDF-t bias-corrected GCM do, while being closer to observed yield estimates. EWEMBI provides the closest yields to observed estimates. This is mainly The main perspective of this work is to go on exploring the uncertainty linked to bias-correction methods and their associated reference data in RCP climate scenarios by producing a second version of this bias-corrected 29 GCMs ensemble over Africa using more recent reference data like EWEMBI or others as those used in AgMIP based on other reanalyses (AgMERRA or AgCFSR, (Ruane et al., 2015) ). The main divergence between all those reference data sets are probably expected from surface down-welling shortwave radiation. Bias-correction for other variables useful for user-based metrics 5 as specific humidity is also scheduled. Comparison between CDF-t and ISIMIP bias-corrections methods based on the same reference data set is also on-going.
The CFD-t bias-correction has been applied independently for each of the six variables. However this may be a problem since existing spatial coherency and dependence among variables maybe destroyed by the application of univariate calibrations.
Recently, to address this issue, improved calibrations have been developed in terms of multivariate correction, spatial and/or 10 temporal dependences (see for instance Vrac and Friederichs, 2015 , for a synthesis). Implementation of more sophisticated methods using multivariate correction is also on-going.
This work constitutes a first step in producing bias-corrected data sets over Africa within AMMA-2050. Evaluation of the results has been also carried out, especially over West Africa, on a list of priority users-based metrics that was discussed and selected with stakeholders. An atlas is in preparation that will provide extensive results over Africa to the FCFA stakeholders 15 and end-users communities. These communities will be accompanied by FCFA climate scientists,in order to be aware of the way to use these data and their limitations. 
